Introduction 39 40
There is growing realisation that the localised restoration of individual reaches of river can be 41 undermined due to larger scales of influence, such as the delivery of fine sediment from eroding 42 agricultural land. This approach is enshrined in the EU Water Framework Directive, which 43 advocates holistic analysis (e.g. Newson, 1997) , and it applies to land management activities like 44 agriculture that drive diffuse responses but which collectively create particular point problems
45
(e.g. increased flood risk, nutrient loading, fine sediment accumulation in river gravels). It has
46
proved exceptionally difficult to demonstrate the extent to which diffuse activities are responsible for these point problems, not least because statutory monitoring agencies rarely design data 
120
propensity to be delivered to the river network. Indeed, emphasis upon landscape scale attributes 121 has focused almost entirely on either abiotic metrics such as geology or relief and/or land use and 122 management practices. It has not recognised the extent to which there is delivery of material from 123 those land uses to the river system (Meador and Goldstein, 2003) . Recent work in both hydrology 124 (Kirchner et al., 2000) and biology (Poff, 1997) has emphasised how landscapes can operate as 125 large-scale filters (Burt and Pinay, 2005) in which the scales of variability of inputs to the system 126 (e.g. rainfall) are fundamentally restructured by the time they become outputs (e.g. water quality).
127
The focus in this paper is upon developing a modelling approach that can capture this effect, in a 128 risk-based framework. continuously as a catchment wets and dries using appropriate, commonly distributed, process 174 rules. Borah and Bera review both the mathematical bases and parameterisation issues they commonly depend on model calibration. The information demands of model calibration,
177
arising in complex models, may significantly exceed the information content of available data 178 (Young et al., 1996; Heathwaite, 2003 
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The second premise is that analyses like these need to more carefully consider how to 221 incorporate an assessment of delivery, which matters in both a physical and a biochemical sense.
222
In physical terms, the ease of hydrological connection will control the delivery of both 
237
proportion to the downslope distance from a given land unit to the drainage network.
239
The third premise is a challenge to classical approaches to modelling the impacts of diffuse 240 pollution which tend to follow a hydrological process cascade (Lane, 2008 
275
The energy available to erode is assumed to be positively correlated with: (1) the area draining 276 through a point in the landscape per unit contour length (which will determine the depth of water 277 and hence contribute to soil erosion potential), Ai; and (2) 
314
analysis is that these temporal distributions will be spatially structured, leading to a variable 316 connection strength across the catchment. If we can find a reliable description of this spatial 317 structure then we can use it to determine the likelihood that generated material is delivered to the 318 drainage network. The nature of the required description will be dependent upon the type of 319 material that is being delivered. For eroded material, the description must recognise that since 320 eroded material is predominantly transported by overland flow, all of the flow path must be 321 generating overland flow and this flow must be towards the drainage network for its entire length, 
340
Following the assumption made above, we make an ergodic hypothesis and assume that the 341 network index implicitly contains a temporal dimension, one that applies equally to water, as it 342 does to the material transported by that water. As the landscape wets up, more of the landscape from the drainage network and hence is more likely to be connected for a longer duration. Under 347 the assumption of a topographic control on overland flow generation, the major challenge is how 348 to map the network index onto the duration of connection, the latter expressed as a probability.
349
Here, we assume that the mapping between network index and duration of connection is linear 
358
Locational risk
359
We now combine the generation and delivery risks to determine the locational risk of delivery of 360 generated material to the drainage network ( 
365
We route and accumulate the locational risk under the assumption that this is controlled by the 366 topographically-driven accumulating area: i.e. the risk at a point is the sum of all locational risks 367 upstream of that point. This leads to the risk loading to a point in the drainage network (Lj) with j 368 upslope contributing cells which will increase monotonically with distance down through the 369 drainage network:
The risk loading takes no account of: (1) the propensity for dilution, where a high loading from a 373 small upstream contributing area will have a more serious environmental effect that a high 374 loading from a high upstream contributing area; or (2) loss of risk (e.g. due to deposition or 375 chemical transformation). In this paper, we assume that although deposition results in the local 376 degradation of habitat, for fine sediment this deposition is relatively small as compared to that 377 which is delivered, meaning that there is no need to correct for the loss of risk. This assumption 378 is commonly made in sediment delivery models for large river basins (e.g. Naden and Cooper, where: a i is the cell size and r i is the rainfall weighting factor. This equation takes account of 391 possible rainfall variations between sub catchments and the propensity for such variation will 392 increase with basin size. This is represented by weighting upslope contributing areas by the 393 amount of upstream contributed precipitation, using temporal averages that reflect the time-
394
integration of the study. However, such an analysis is complicated by the fact that spatial 395 variability in precipitation should also result in spatial variability in connectivity. Hence, the predicted relative long term average wetness, calculated using the topographic wetness index, 397 also utilises the rainfall weighting factor.
399

Bayesian Analysis with Respect to Generation Risk
400
In the model described above, there will be uncertainty associated with: (1) hence potentially modelled. However, the uncertainties associated with (2) and (7) are more 422 acute and so we compliment our use of logical reasoning with a Bayesian method in which we 423 infer erosion weights, and hence our risk estimates, with reference to the spatially-distributed data 424 described above, a form of inverse modelling (Lane, 2008 
448
Case study and data sources 449
In this paper, we develop and assess the SCIMAP (Sensitive Catchment Integrated Modelling 
458
In the form that the risk management framework is applied here, it requires the following data 
477
We use the land cover map of Great Britain for 2000 (Centre for Ecology and Hydrology, 2000) to
478
give land cover estimates at a 30 m resolution, which were then interpolated from 30 m onto the 479 finer scale data using a nearest neighbour algorithm. As the land cover dataset is synoptic and 
553
that is a focus of this research. The second is that the method is only semi-quantitative: in order
554
to allow a larger number of sites to be sampled, it is based upon single pass rather than multiple 555 pass. In order to assess the general reliability of the semi-quantitative data, fully quantitative 556 electro-fishing was undertaken for a subsample of sites in each sample year.
558
Comparison of risk predictions with the fry abundance data considered risk predictions classified
559
by the presence/absence of fry but also the relationship between fry abundance and associated 560 predicted risk. For the presence/absence analysis, generated risk predictions were extracted at 561 sites in the river Eden catchment with and without fry present. Mann Whitney tests were used to 562 examine whether there was a statistically significant difference in the central tendency of the risk 563 predictions. Two sample Kolmogorov-Smirnov tests were also used to test whether there was a 564 difference in the distribution (location and shape) of the risk predictions between sites with and 565 without salmonid fry. Nonparametric tests were selected due to the non-normal distribution of the 566 data which could not be corrected for using standard transformation procedures. 
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We use this to determine a contingency tabulation of risk concentration class (p) with fry 577 abundance class (q). This is used to determine an objective function based upon the orthogonal 
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The objective functions were used in three ways. First, they were used in a conventional 590 validation, in which the reasoned erodibility weights were used in the risk estimation. Second, 
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In the final stage of the analysis, we integrate through to the drainage network. Error! Reference 641 source not found. shows the accumulated risk weighted by the dilution potential, essentially the 642 risk concentration. If the convolution of connectivity and locational risk were everywhere uniform,
643
and the rainfall field homogeneous, then the risk should accrue linearly as the potential for dilution 644 accrues. Where the risk is some multiple of the standard deviation greater than the mean, then 645 the risk is increasing disproportionately faster than the increase in dilution potential: i.e. a 646 particular risky input to the drainage network has been identified. Where the risk is some multiple 647 of the standard deviation less than the mean, the risk is increasing disproportionately more slowly 648 than the increase in dilution potential and the drainage network is benefiting from low risk inputs.
649
If we consider hydrological risk without land cover weighting (Error! Reference source not 650 found.a), this would focus diffuse pollution mitigation activities on the catchment headwaters, 651
where the risk of erosion and the risk of connectivity combine to cause an accumulated risk that is cover due to heather burning) might have a major water quality impact due to increased export of 655 fine sediment. However, Error! Reference source not found.b shows that when the land cover 656 weighting is introduced, concern switches to areas lower in the drainage basin, where the 657 presence of arable cropping, and hence the risk of the land surface being bare, results in a 658 different identification of risky sub catchments.
660
Model testing using logical risk estimates 661 662 715 well-connected moorland is risky for salmon but not for trout.
717
Discussion and conclusions 718
The primary findings of this work are four fold. First, combination of hydrological connection and 719 erodibility into a risk model produces patterns of risk that vary spatially in ways that distinguish 
729
Third, and related to this moorland weighting finding, the work demonstrates the importance of 730 inverse modelling (Lane, 2008) , certainly in studies of fish populations, but also diffuse pollution 731 more widely. The logical assignments of erodibility originally identified were very different to those identified using inverse modelling. Notably, we identified that the erodibility weightings assigned 733 to arable land covers were unimportant, that those associated with improved pasture needed to 734 be much higher (~0.75) than expected (0.2) and that those assigned to moorland were species dependent. It is worth reflecting on why our logical assignments were incorrect. This was largely because we had a perceptual model that emphasised the delivery of fine sediment to the water commonly able to clear out fines from river gravels during construction of a redd, high rates of 
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The inverse modelling results question at least two possible dimensions of the logical analysis: (i) 743 that the association between erodibility and land cover was as we hypothesised (i.e. arable is the 744 most erodible); and/or (ii) that the eroded material that causes habitat degradation is associated 
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We cannot be certain about the pesticide explanation but, in management terms, and notably in 754 the context of a precautionary approach, the formulation of the risk analysis is advantageous. The 755 high risks are not only caused by particular land covers but also the process of delivery. Thus,
756
where the science is uncertain (exactly why improved pasture seems to be responsible for 757 degradation of salmonid fry), and may not be sufficient to justify landscape scale changes in 758 agricultural practice, our approach focuses analyses upon upon a sub-set of fields that are both 759 potentially risky in terms of the generation of material (e.g. improved pasture) and hydrologically 760 well-connected.
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Fourth, this analysis is based upon demonstrating that hydrologically-connected risks impact the 763 spatial structure of fry. This is likely to be only one factor, as part of a multitude of different 
